Abstract: Forest managers are interested in forest-monitoring strategies using low density Airborne Laser Scanning (ALS). However, little research has used ALS to estimate soil organic carbon (SOC) as a criterion for operational thinning. Our objective was to compare three different thinning intensities in terms of the on-site C stock after 13 years (2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011)(2012)(2013)(2014)(2015)(2016)(2017) and to develop models of biomass (Wt, Mg ha −1 ) and SOC (Mg ha −1 ) in Pinus halepensis forest, based on low density ALS in southern Spain. ALS was performed for the area and stand metrics were measured within 83 plots. Non-parametric kNN models were developed to estimate W t and SOC. The overall C stock was significantly higher in plots subjected to heavy or moderate thinning (101.17 Mg ha −1 and 100.94 Mg ha −1 , respectively) than in the control plots (91.83 Mg ha −1 ). The best W t and SOC models provided R 2 values of 0.82 (W t , MSNPP) and 0.82 (SOC-S 10 , RAW). The study area will be able to stock 134,850 Mg of C under a non-intervention scenario and 157,958 Mg of C under the heavy thinning scenario. High-resolution cartography of the predicted C stock is useful for silvicultural planning and may be used for proper management to increase C sequestration in dry P. halepensis forests.
Introduction
Climate change is one of the major environmental concerns [1] . It has been related to the emission of greenhouse gases (GHG) by human activities, of which carbon dioxide (CO 2 ) represents 40% [2] . The assimilation of atmospheric CO 2 by forest ecosystems though photosynthesis is a key process in net primary production and in the mitigation of climate change. Annually, forest ecosystems present a positive balance of CO 2 exchange with the atmosphere; thus, they are considered as carbon sinks [3, 4] Carbon (C) is stored in forest ecosystems not only in tree biomass but also in litter and forest soils. Indeed, soils are the major terrestrial C pool and sink for atmospheric CO 2 (>71%), of which >50% occurs in the upper horizons [5, 6] . Soil C exists in organic and inorganic forms. Soil organic carbon (SOC) is one of the most important soil components affecting plant growth and plant nutrients cycles [6] . Moreover, it can be stored in soils for thousands of years, under adequate conditions. However, SOC storage can be affected by climatic conditions, aboveground biomass, forest management, land-use patterns, human activities and other factors [7] .
It has been demonstrated that the management of forests can positively influence C sequestration [8] [9] [10] . The rate of growth for tree biomass can be increased by active management;
Field Data
In July 2014, 47 plots were established within the forested areas of "Los Cuadros" ( Figure S1 , Table S1 , Supporting Information). The plots were located randomly, considering representative canopy structural parameters with a variable radius plot sampling. In each plot, the diameter at breast height (1.3 m above ground level -dbh-cm), stand density (N, trees ha −1 ), basal area (G, m 2 ha −1 ) and height (H, m) of all trees greater than or equal to 10 cm (dbh) were measured using a calliper (Haglöf Mantax, Långsele, Sweden) and Vertex III hypsometer (Haglöf, Sweden).
Additionally, thinning treatments were applied between August and November 2004 (for more details, see [17] ). A factorial randomized block design was used, considering three thinning intensity treatments, unthinned-control, moderate thinning (M) with removal of 33% of the initial basal area (mean remaining density of 770 trees ha −1 and tree basal area of 6.6 m 2 ha −1 ) and heavy thinning (H) with removal of 50% of the initial basal area (mean remaining density of 550 trees ha −1 and tree basal area of 4.5 m 2 ha −1 ) and three replicate blocks (Table 1 ). All blocks (60 × 120 m each) were located on moderately steep (less than 20%) slopes. Each replicate block was divided into two adjacent plots of 60 × 60 m each and each plot was assigned one of the two thinning treatments: heavy or moderate. In July 2017, three new plots, located close by, were set up to incorporate the control treatment, considering identical pre-thinning canopy structural parameters and site conditions (slopes <20% and NW exposure), because it was not included in the original thinning design [17] , giving a total experimental area of 3.24 ha. The thinning treatments were applied for the primary purpose of removing overtopped, small-sized, dying, or suppressed trees to promote stand species diversification [17] , with additional consideration given to uniform spacing. Thinning residues, such as slashes and stumps, were removed from the treatment plots, although some of the slash was left on-site. On these plots, structural plots (N = 36, radius = 10 m) were also established and dbh, N, G and H were measured in July 2017 (Table 1) . Total aboveground biomass was estimated using the Remote Sens. 2018, 10, 1660 4 of 22 allometric models included, as the sum of the fractions calculated using biomass (kg) Equations (1)- (4) derived for P. halepensis on a nationwide basis [37] 
Ws: Biomass weight of the stem fraction. W b7 : Biomass weight of the thick branch fraction with a diameter greater than 7 cm; W b2-7 : Biomass weight of the medium branch fraction with a diameter between 2 and 7 cm; W b2+n : Biomass weight of the thin branch fraction with a diameter smaller than 2 cm, with needles (all in kg); d = dbh (cm); h = tree height (m). Overall biomass (W t ) was expressed in Mg ha −1 (Table 1) . A standard coefficient of 0.5 [38] was used to obtain the biomass C content. Table 1 . Silvicultural characteristics, biomass and soil organic carbon stocks (Mg ha −1 ) of Pinus halepensis plantations according to the thinning intensity (C, Control or unthinned plots; T30, light thinning, 30% basal area removed; T50, heavy thinning, 50% of basal area removed) at Los Cuadros (Murcia, Spain). Variables and abbreviations: stem density (D, trees ha −1 ); height (H, m); diameter at breast height (dbh, cm); basal area (G, m 2 ha −1 ), Biomass C stock (W t , Mg C ha −1 ) and Soil Organic Carbon stock (SOC depth -S, Mg C ha −1 ). Values are means ± SE. Different letters indicate significant post-hoc differences between thinning treatments at alpha = 0.05 based on a one-way ANOVA. 
Control

Soil Sampling and Analysis
In July 2017, 36 soil point survey samples (4 per plot and 12 per treatment) were taken systematically in the thinning and control plots, considering similar canopy structural parameters in areas with slopes <20%. The samples were taken using an 8-cm-diameter steel auger and were transported to the laboratory undisturbed. In the laboratory, all the soil soundings were cut into four sections: 0-10, 10-20, 20-30 and 30-40 cm, in the first part of the mineral soil. All the soil samples were air-dried, then coarse particles were removed with a sieve (mesh size 2 mm); the resultant fine earth fraction was ground to pass through a 0.5-mm mesh and stored for SOC determination. In the sieving process, all particulate organic matter (rootlets, leaves, seeds and other plant material) was manually extracted. The gravel (>2 mm) was weighed and stored separately. For each soil sample, three replicates of each measurement were performed in the laboratory.
The organic carbon content of the fine fraction was determined through wet oxidation by the Walkley and Black method [39] . The bulk density (BD) in the soil layers was estimated as follows [40] (5) where SOM (soil organic matter) was obtained with the expression %OM = %SOC × 1.724. We used a typical value of 1.64 for mineral bulk density [41] .
The soil organic C stock (SOC-S, Mg ha −1 ) was calculated for each layer and expressed in Mg ha −1 according to [42] :
where SOC% = soil organic carbon (%), BD = bulk density of the soil (g cm −3 ) and D = thickness of the analysed layer (cm). The overall soil organic carbon stock (SOC 40 -S) in the first 40 cm from the soil surface was calculated by adding together the values obtained for each layer.
ALS Data and Processing
Figure 1 includes a flow diagram of the complete methodological process used in this study. Low density ALS (0.5 points m −2 ) data were provided by the PNOA (http://www.ign.es/PNOA/ vuelo_ALS.html, [43] ); these systematically cover the entire Spanish national territory. The ALS survey was conducted using an airborne Leica ALS60 discrete return sensor. A total of 1.55 Gb large of ALS data were provided and captured in 2009 and were delivered in three 2 km × 2 km tiles (ranging from 86 Mb to 136 Mb) of raw data points in a ASPRS laser LAS binary file, format v. 1.1, containing x-and y-coordinates (UTM Zone 30 ETRS 1989), ellipsoidal elevation Z, with up to four returns measured per pulse and intensity values from a 1064-nm wavelength laser [15] . The resulting ALS point density of the test areas was the ALS and the flight parameters, used to achieve first-return densities that averaged 1-point m 2 with a vertical accuracy higher than 0.20 m, were a scan frequency of 45 Hz and a FOV of 50 • .
For all structural and soil plots (N = 83), overlapped with each soil sample in the thinning and control plots (N = 36), a synthetic ALS plot cloud was obtained. The time delay between the ALS data acquisition and the field data collection (i.e., the 5-8 years) was not considered a significant source of error, as the pine forest under study did not change considerably during that period (mean annual increment= 1.71 ± 0.025 mm year −1 ). A sub-meter global satellite receiver (Leica Zeno 20 GIS, Leica Geosystems, Switzerland) was used to survey plot centres and soil samples. We computed ALS metrics to support a kNN regression model, based on previous research by [30] . The metrics involved in the equation of the C stock model were obtained using the "GridMetrics" and "CSV2Grid" commands implemented in FUSION LDV 3.30 [44] . In summary, the ALS point clouds were first filtered to generate a Digital Elevation Model (DEM) (cell size 0.5 m) and ALS metrics were computed for each ALS plot after normalizing the data by subtraction of the DEM. In this study, a total of 43 metrics was extracted from ALS pulses and used as regressors in the statistical analyses. The ALS-based height metrics obtained in each plot were: minimum, maximum, mean, median, standard deviation, variance, coefficient of variation, interquartile distance, skewness, kurtosis, ADD (average absolute deviation), L-Moments (1-4) and percentile values (P 5 to P 95 in five-unit intervals and P 99 ) [45] . For further details of the procedure used to obtain such ALS metrics, see the steps described in Reference [46] . To obtain a complete explanation of the FUSION tools, see [44] . The summary of the ALS metrics with their corresponding descriptions is shown in Table S1 , Supporting Information. 
Data Analysis and k-NN Predictions
Prior to statistical analysis, we examined all variables for normality using the KolmogorovSmirnov test (with Lilliefors correction). Homoscedasticity was analysed by the Levene's test of variance (p > 0.05). When the variables were not normal, the data were subjected to a Box-Cox transformation. The results in the tables are shown as means with their standard errors for the untransformed variables. The biomass and SOC stocks were analysed with one-way analysis of variance (ANOVA). When a global difference among the thinning treatments was detected, means were separated by Scheffe's multiple range test for unequal sample sizes, for normal and homoscedastic variables [47] . Differences among treatments were considered significant at a significance level of p = 0.05.
Possible relationships among ALS metrics and G, N, Wt-S (N = 83) and SOC-S (N = 36) were determined using the k-Nearest Neighbour (kNN) machine-learning algorithm [48] . For the C stock, five models were evaluated, considering Wt-S, SOC-S at a depth of 0-10 cm (SOC-S10) and 0-40 cm (SOC-S40), Wt-S + SOC-S10 and Wt-S + SOC-S40. This method does not require statistical assumptions about the nature of the data; for instance, normality or homoscedasticity [48] . Explanatory variables were selected, firstly using variance inflation factor (VIF) analysis to check multicollinearity [33] and secondly choosing the variable or combination of variables which minimized the generalized root mean square distance when variables were added or deleted one at a time [49] . Thus, once the best predictor variables had been selected, we tested nine variations of the distance metric, Euclidean distance (EUC), Euclidian distance without standardization (RAW), Malahanobis distance (MAL), independent component analysis (ICA), similar neighbour (MSN), weighted neighbour more similar (MSN2), similar neighbour with canonical correlation analysis via projection pursuit (MSNPP), nearest neighbour gradient (GNN) and random forest (RF) [50] . We estimated the accuracy of the Knn predictions by three validation procedures; internal validation, external validations and cross- Figure 1 . Flowchart describing the methodological steps to assess on-site carbon stocks using low density ALS data.
Prior to statistical analysis, we examined all variables for normality using the Kolmogorov-Smirnov test (with Lilliefors correction). Homoscedasticity was analysed by the Levene's test of variance (p > 0.05). When the variables were not normal, the data were subjected to a Box-Cox transformation. The results in the tables are shown as means with their standard errors for the untransformed variables. The biomass and SOC stocks were analysed with one-way analysis of variance (ANOVA). When a global difference among the thinning treatments was detected, means were separated by Scheffe's multiple range test for unequal sample sizes, for normal and homoscedastic variables [47] . Differences among treatments were considered significant at a significance level of p = 0.05.
Possible relationships among ALS metrics and G, N, W t -S (N = 83) and SOC-S (N = 36) were determined using the k-Nearest Neighbour (kNN) machine-learning algorithm [48] . For the C stock, five models were evaluated, considering W t -S, SOC-S at a depth of 0-10 cm (SOC-S 10 ) and 0-40 cm (SOC-S 40 ), W t -S + SOC-S 10 and W t -S + SOC-S 40 . This method does not require statistical assumptions about the nature of the data; for instance, normality or homoscedasticity [48] . Explanatory variables were selected, firstly using variance inflation factor (VIF) analysis to check multicollinearity [33] and secondly choosing the variable or combination of variables which minimized the generalized root mean square distance when variables were added or deleted one at a time [49] . Thus, once the best predictor variables had been selected, we tested nine variations of the distance metric, Euclidean distance (EUC), Euclidian distance without standardization (RAW), Malahanobis distance (MAL), independent component analysis (ICA), similar neighbour (MSN), weighted neighbour more similar (MSN2), similar neighbour with canonical correlation analysis via projection pursuit (MSNPP), nearest neighbour gradient (GNN) and random forest (RF) [50] . We estimated the accuracy of the Knn predictions by three validation procedures; internal validation, external validations and cross-validation. Internal validation was assessed using the entire dataset to develop and validate model prediction, that is, model predictions were run and evaluated with the entire dataset. External validation was performer by data partitioning according to the 60/40 ratio, 60% of the data was used for training and 40% of the data for evaluation purpose. Finally, leave one out cross-validation was used to select the best model which was evaluated by mean of leave one out cross validation [49] . The election of the k value is a compromise between bias and precision in the estimation [51] . However, when variance in the imputations is similar to variance in the observations a single nearest neighbour k is appropriate [52] , therefore we used k = 3 in our analysis. We compared the bias and RMSE values of each method:
Finally, we compared the performances of all methods by graphing observed versus predicted values and calculating a Pearson correlation coefficient.
We performed all analyses using the R software, version 3.4.0. [53] The yaImpute R package [49] was used to calculate variable selection and regression with kNN, the lm and glm libraries were used for ANOVAs and the usdm package was used to perform collinearity analysis [54] .
Cartography of C Stocks
Finally, a C stock map of the P. halepensis cover in the study area was generated. First, stands were segmented using the mean shift segmentation method, with Orfeo ToolBox software (OTB) for QGIS's [55] . Basal area per hectare (G) was the silvicultural variable used to identify and group data into single stands. Mean shift segmentation is based on non-parametric Kernel density estimation (KDE). The algorithm works by looking for local maxima in the feature-space, by moving a Parzen window towards them incrementally [56] . Once a local maximum has been detected, clustering of data points is accomplished [57, 58] . The algorithm needs three parameters to be set: (1) the spatial radius to define the neighbourhood, (2) the range radius to define the interval in the spectral space and (3) the minimum size of the regions to keep after clustering. For this study, the first two parameters were ranged to cover all segmentation possibilities, while the value of the minimum size of the region was kept constant at 10,000 m 2 , which was considered as the minimum size for silvicultural operations. The best stand segmentation was selected using the validation method in Reference [59] .
Then, five C stock maps-W t -S, SOC-S 10 , SOC-S 40 , W t -S + SOC-S 10 and W t -S + SOC-S 40 -were generated at the stand scale by applying the best kNN algorithm (highest R 2 and lowest RMSE) based on the Murcia vegetation map (http://www.murcianatural.carm.es/alfresco/montes/index.html). The map of vegetation of Murcia has been used to define the limits of the study area provided by the Forest Service of Murcia and segmentation has been used to define the internal stands of the forest area. The pixel size selected to compute the ALS-derived metrics and to map the C stock was 18 m × 18 m, representing an area of 324 m 2 , similar to the field plot dimensions (314 m 2 ).
Finally, a silvicultural map based on the C stock and stand density was generated at the stand scale, to allow estimation of the net balance between the non-intervention and heavy thinning scenarios with regard to CO 2 absorption and economic balance, considering the current price on the C market (18.88 € (Mg CO 2 ) −1 , http://www.worldbank.org/en/programs/pricing-carbon).
Results
C Stock in Biomass and SOC under Different Thinning Intensities
The biomass C stocks for all fractions and thinning treatments are presented in Table 1 . The C stock in the aboveground biomass was much higher in the control treatment (41.65 Mg ha −1 , F = 17.86, p < 0.001) than in the thinning treatments (21.32 Mg ha −1 and 13.93 Mg ha −1 , for M and H, respectively). The C stock distribution in biomass was similar among all treatments, where the combination of branches and stems corresponded to~70% of the total biomass, over the thinning time (13 years). The C stock in the aboveground biomass was significantly higher for all fractions in the control than in the M and H treatments (p < 0.001), although it was higher in M than in H. The C stock in the belowground biomass decreased with the intensity of the thinning regime, with a mean value of 11.42 Mg C ha −1 for the control and a mean reduction of 43.6% for M and 63.7% for H (F = 22.54, p < 0.001, Table 1 ).
Mineral soils comprised the largest C pool stock, with significant differences in SOC-S between thinning treatments ( Table 1 ). The SOC 40 Table 1 ). The SOC 40 -S accounted for 54.6% of the total on-site C stock in the control, 78.8% in treatment M and 86.2% in treatment H. There was a 9.9% increase in the on-site C stock for treatment M and a 10.1% increase in the case of treatment H, in comparison with the unthinned plots.
kNN Models for C Stocks
Following the independent variable data selection, all models used the height variable (H_P 60 , H_P 99 ) and returns above mean (Percentage first returns above, all returns above mean) (Table 2, Figure S2 ; Table S2 Supplementary Material). The predictor variables had a moderate to high correlation with the forest dasometric variables (N, H and G), which suggests that LiDAR metrics are a good representation of the forest metrics. We computed the scatter plots for correlations contrasting the observed versus the estimated values for all C stocks predictions, to select the best estimation based on the kNN method ( Table 3 ). The correlations obtained for the five C stocks estimations differed according to the stock considered and the method used. The W t -S models provided R 2 values that ranged from 0.82 (RMSN = 8.03 Mg ha −1 , MSNPP) to 0.35 (RMSE = 11.62 Mg ha −1 , RAW). The best model prediction for SOC-S 10 was obtained using RF (R 2 = 0.82, RMSE = 4.35 Mg ha −1 ), while the best model prediction for W t -S + SOC-S 10 was obtained using MSN2 (R 2 = 0.67, RMSE = 15.95 Mg ha −1 ). In the case of SOC-S 40 , the best model was obtained using MSNPP (R 2 = 0.47, RMSE = 9.08 Mg ha −1 ), while the best model prediction for W t -S + SOC-S 40 was obtained using MSNPP (R 2 = 0.42, RMSE = 14.34 Mg ha −1 ). = 15.95 Mg ha −1 ). In the case of SOC-S40, the best model was obtained using MSNPP (R 2 = 0.47, RMSE = 9.08 Mg ha −1 ), while the best model prediction for Wt-S + SOC-S40 was obtained using MSNPP (R 2 = 0.42, RMSE = 14.34 Mg ha −1 ).
Figure 2.
Bivariate relationships between the LiDAR metrics and biomass C stock of Pinus halepensis plantations at Los Cuadros (Murcia, Spain). In all figures, the linear 1:1 line has been fitted. For these equations, the R 2 value is included (see Table 3 for RMSE values).
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Cartography of C Stocks and Future Projection under Thinning Treatments
Using OTB and G segmentation, a total of 270 stands were delineated with a spatial radius and a range radius of 2 and a minimum size region of 20 (average stand area = 5.32 ha) ( 
Using OTB and G segmentation, a total of 270 stands were delineated with a spatial radius and a range radius of 2 and a minimum size region of 20 (average stand area = 5.32 ha) ( Table 4 ; Figure  5a ). The best kNN models were selected to spatially estimate the C stocks for the study area (MSNPP for biomass, RF for SOC-S10 and MSN2 for Wt-S + SOC-S10, see Figures 2 and 4 and Table 3 ). Based on the stand cartography and these models, the distribution maps with predicted values of C stocks in the forested area show a mosaic of C stock patterns in the P. halepensis forest (Figure 5b-d The best kNN models were selected to spatially estimate the C stocks for the study area (MSNPP for biomass, RF for SOC-S 10 and MSN2 for W t -S + SOC-S 10 , see Figures 2 and 4 and Table 3 ). Based on the stand cartography and these models, the distribution maps with predicted values of C stocks in the forested area show a mosaic of C stock patterns in the P. halepensis forest (Figure 5b-d Comparison of the C stock per hectare of the plantations would not offer a real figure in relation to the effect of the most efficient silvicultural treatment on the C stock balance. Therefore, we projected the C stock considering the stand delineation and two scenarios: first, a non-intervention scenario and second, considering a heavy thinning program (final density of 550 trees ha −1 ) for the whole area in the present year. Then, the C stock was quantified by adding the estimated rate of increase in the accumulation in biomass and soil (W t -SOC-S 40 ) for ten-year projections. Finally, the biomass harvested was also included ( Table 4) .
The high-density areas (>770 trees ha −1 ) are comprised of 100% Aleppo pine (Table 4) . Under a non-intervention scenario, the mean rate of C stock increase in the next 10 years would be 1.38 Mg ha −1 year −1 and the stands would be able to stock 134,850.54 Mg of C (corresponding to 494,901.49 Mg CO 2 ); under the intervention scenario, they would be able to stock 137,002.16 Mg of C (corresponding to 502,797.94 Mg CO 2 , Table 4 ). In this latter scenario, the tree density at year 10 would be 550 trees ha −1 ; so, the biomass stock extraction of the Aleppo pine forest subjected to thinning would represent 20,956.28 Mg of C (corresponding to 76,909.54 Mg CO 2 , Table 4 ) and the overall C stock accumulated in the non-intervention scenario would be 23,107.90 Mg (corresponding to 84,805.99 Mg CO 2 ). This quantity represents an increment of 17.1% with respect to the non-intervention scenario and has an estimated value in the C market of 1,601,137.09 €. 
Discussion
Several studies have demonstrated the importance of C stocks estimation in current forest management [60] . Pine plantations in Mediterranean areas are often managed for multi-objective functions, such as soil and water protection, restoration efforts to re-establish native forest cover, social uses [16] , and, more recently, for the provision of ecosystem services such as C sinks, both on-site (biomass and soil) and off-site (wood products or bioenergy) [61] . However, many of the Pinus plantations have received little or no silvicultural intervention and are now highly homogenous in terms of composition and age structure. This, together with their high densities and large areas of forested land, requires the application of thinning treatments to maintain their stability [21] . However, the impacts of these treatments on ecosystem C storage and sequestration rates remain poorly described for some Mediterranean species. In this study, we highlight the effect of thinning treatments on C stocks; in particular, SOC-S, which compensates the loss of total biomass as a result of thinning extraction. Moreover, we show that low density ALS data-based inventories can be used to estimate biomass and SOC C stocks for P. halepensis forest plantations in southern Spain, using kNN models. We have confirmed the advantages of using ALS-based inventories to assess total C stocks in pine plantations in semiarid areas and their applicability for planning alternative silvicultural management to optimize C stocks [62, 63] .
C stock in Biomass and SOC under Different Thinning Intensities
In line with our first hypothesis, the biomass C stock was significantly higher in control (unthinned) plots-which is consistent with estimates for other Aleppo pine stands in the region that support relatively low basal areas [64, 65] ; and for other pine species [27, 66, 67] . Thinning operations involve a loss of total biomass (without including also the biomass that is removed), which results in lower densities and basal areas in thinned stands [27] . In this study, the average biomass C stock calculated for P. halepensis forests ranged between 41.65 Mg ha −1 (unthinned plots) and 13.93 Mg ha −1 (heavy thinning). The former value exceeds those reported for dominant Aleppo pine forests in similar ecological conditions (25.29 Mg ha −1 , [68] ) and is much higher than in other studies (15.02 Mg ha −1 , [14] ). These discrepancies can be explained by the inclusion of root biomass (11.42 Mg ha −1 and 4.14 Mg ha −1 for the control and treatment H, respectively) and the structural-silvicultural heterogeneity of the Aleppo pine stands in relation to age and density (1400 trees ha −1 − dbh = 15 cm in this study; 1150 trees ha −1 − dbh = 12 cm and 1200 trees ha −1 − dbh = 20 cm, respectively, in the two cited studies). Moreover, the development of allometric relationships at a national level may limit their application at a local scale [37, 69] , in particular if the sample sizes are not sufficiently large (i.e., >100 sample trees per species; [70] ).
Our second hypothesis was that SOC-S would be higher in the thinned plots and we found significant differences among the thinning intensities. In our study, SOC 40 -S ranged between 50.18 Mg ha −1 (±2.70 Mg ha −1 ), for the unthinned treatment and 87.24 Mg ha −1 (±3.1 Mg ha −1 ), with heavy thinning. These values are higher than those found by [71] , who determined an average SOC-S in an Aleppo pine plantation (northern Spain, 300 trees ha −1 , dbh = 17.5 cm) of 40.72 Mg ha −1 but lower than those in other studies conducted in Mediterranean pine forests, for which SOC-S ranged between 90 and 166 Mg C ha −1 [72] [73] [74] in a reforested stand. The high thinning intensity gave the greatest capacity for stocking of SOC 40 -S (73.8 and 58.66% greater than the control and moderate thinning, respectively). This means an estimated rate of SOC accumulation after thinning, with respect to the unthinned plots, of 2.26 to 2.85 Mg ha −1 year −1 (for M and H thinning, respectively) over a period of 13 years, much higher than that observed by [71] , who estimated an average rate of SOC accumulation in P. halepensis forests of 0.50 Mg ha −1 year −1 for a period of 35 years.
These results are contrary to those found in some previous studies, where thinning operations had a non-significant or negative impact on soil C in Mediterranean pine forests [27, 29, 74] but not to those of other studies [10, 66] . Thinning may improve C sequestration through several factors involved in SOC accumulation: variation in the quality and quantity of inputs (litterfall and logging residues), an increase in N use efficiency, protection of both new and old SOC in mineral-associated fractions (<50 µm) and a greater micro-climatic effect on litter decomposition [13, 75, 76] , enhancing long-term storage in the soil [77] . In our study, the shallowest soil layer (0-20 cm) had a higher SOC-S (56% greater on average, among the treatments)-highlighting the role of litter quantity and turnover [75, 78] , since they directly receive the contribution of litterfall, in which there is greater microbial activity [76] , whereas the subsoil SOC is related more to the density of roots [79] . Additionally, some of the thinning residues, such as slashes, were left on-site, thus helping to maintain soil C stocks [80] .
These findings support the idea that P. halepensis plantations in degraded semiarid areas can accumulate large amounts of SOC [14] . The forest management, along the 13-year management period, had an impact on the on-site C stock (W t + SOC 40 -S), of 9.9% and 10.1% for the M and H thinning treatments, respectively) in comparison to the control, without considering the biomass extracted during thinning operations. Although thinning operations involve a loss of total biomass (without including the biomass removed), which slightly reduces the mitigation capacity of the pine forest after thinning, when the net balance between biomass and SOC 40 -S is calculated, it is evident that moderate and heavy thinning are more efficient silvicultural alternatives for C sequestration, contributing to the forest management that is most suitable for C sequestration [67, 81] .
Low Density ALS Data and the C Stock in Biomass and SOC
In recent years, ALS sensors have been used mainly for the determination of forest parameters, being a critical technology for forest inventory and management [82] . Several studies have shown the usefulness of ALS data for estimating forest variables in Mediterranean pine plantations [83, 84] , as well as volume [15] .
According to the kNN models generated, with the use of height percentiles (H_P 60 , H_P 99 ) and another parameter concerning the horizontal distribution of the point cloud (i.e., the canopy density or the percentage of returns above a certain height threshold), the ALS-derived metric was able to generate accurate information on biomass and soil C stocks in fairly homogeneous forests of P. halepensis plantations. [15] modelled the volume in a P. halepensis plantation using low density ALS data (1 point m −2 ), as in this study and concluded that the best models were developed using the metrics H_P 95 and all returns above 1 m (R 2 = 0.89, RMSE = 11.01 m 3 ha −1 ). We found that W t -S was the variable predicted with the highest precision (R 2 = 0.82, RMSN = 8.03 Mg ha −1 , MSNPP model). These values of R 2 lie within the range reported in the literature for biomass estimations for coniferous species (from 0.46 to 0.97; [32, 34, 45, 46, 83, [85] [86] [87] ). For SOC-S, the models obtained for SOC-S 10 (R 2 = 0.82, RMSE = 9.93 Mg ha −1 ; RF model) were better than those for SOC-S 40 (R 2 = 0.47, RMSE = 9.08 Mg ha −1 ; MSNPP model). Nonparametric techniques, such as kNN algorithms, have been used frequently to generate spatially-explicit forest biomass models using ALS and inventory data [48, 88] but little research has been performed about the use of kNN regression models for C stock estimations in comparison to traditional linear regression methods [89] . However, kNN is a very simple classifier that works well in basic recognition problems and normality is not needed to obtain robust and understandable models [48] .
The main sources of error in our study are the use of low-resolution ALS data, the time delay among ALS signals and the limited number of ground plots. Low density ALS data are often used to cover large study areas [46, 63] , sometimes with less than 1 point m 2 , without significant loss of information for the mean and dominant height, stand basal area, stand volume and stand biomass fractions. However, the use of low density ALS data may lead to an underestimation of tree height [15, 62] and consequently errors in biomass estimation. On the other hand, low density ALS data have many advantages, given their accuracy, ability to be extrapolated to the whole area of study and combination with field data to provide biomass and soil C stocks data at the forest stand scale [63] . In this sense, our results show that the estimated variables can be modelled with good precision for the estimation of the C stocks variables of P. halepensis forests using low resolution ALS (pulse density 1 point m −2 ), as observed also in previous studies [68] . The time delay between the ALS data acquisition and the field data collection (i.e., the 5-8 years) was not considered a significant source of error as has been shown in previous works [68] and for the low growth rate of pine forest under study during that period (mean annual increment 1.7 mm year −1 ). The limited number of ground plots and the consequent lack of stratification by density type are also possible sources of error. However, the accuracy of our LiDAR-based inventory at the stand level was comparable to that of traditional stand examinations for structural attributes and the LiDAR data were able to provide information across a much larger area than the stand examinations alone.
Cartography of C Stocks and Management Implications
Finally, we created a set of C stock maps of P. halepensis forests at a pixel scale (18 × 18 m) to describe the spatial pattern of the C stock ( Figure 6 ). The MSN model was selected to spatially estimate the C stock for the study area. Our estimates of W t -S + SOC 40 -S ranged from 57.94 to 153.58 Mg ha −1 , averaging 89.42 Mg ha −1 and showing low growth rates and thus small C stocks in comparison with other Pinus species [27] . When the net balance of C absorptions is calculated, it is evident that the plantations managed with heavy thinning are more efficient than the unmanaged forests, especially when the SOC 40 -S sequestration is considered. A possible increment in the net annual C sequestration could be achieved by increasing the thinning operations. Our results outline the important role that silviculture plays in augmenting the C sink; but, forest planning could alter the potential C accumulation in the coming years. Under a non-intervention scenario, C sequestration would be 505,323.51 Mg CO 2 , a little below that of the intervention scenario (513,829.76 Mg CO 2 , Table 4 ). However, when the harvested biomass is included the overall C stock accumulated during the non-intervention scenario would be 290,764.26 Mg CO 2 . This quantity represents an increment of 57.5% with respect to the non-intervention scenario. Thus, given the substantial contribution of silviculture to C sequestration, its implementation must be encouraged to counter atmospheric CO 2 emissions [27, 29, 71] . annual C sequestration could be achieved by increasing the thinning operations. Our results outline the important role that silviculture plays in augmenting the C sink; but, forest planning could alter the potential C accumulation in the coming years. Under a non-intervention scenario, C sequestration would be 505,323.51 Mg CO2, a little below that of the intervention scenario (513,829.76 Mg CO2, Table  4 ). However, when the harvested biomass is included the overall C stock accumulated during the non-intervention scenario would be 290,764.26 Mg CO2. This quantity represents an increment of 57.5% with respect to the non-intervention scenario. Thus, given the substantial contribution of silviculture to C sequestration, its implementation must be encouraged to counter atmospheric CO2 emissions [27, 29, 71] . In Mediterranean areas, despite the fact that the area of forest increased notably in the 20th century thanks to pine plantations, efforts should now focus on silviculture rather than on expanding new pine plantations. This target should be included in the silvicultural strategy of P. halepensis pine forests in semiarid areas, thus ensuring the maintenance of ecosystem services related to seminatural forests. Mature Aleppo pine stands are often harvested for protection and conservation purposes, which should include on-site C sequestration in long-lived pools, as well as continued exports of C for potential off-site offsets such as bioenergy, as has been observed for other Mediterranean species [29] . One way to estimate the economic value underlying C sequestration is based on the CO2 stock exchange [90] . One tonne of CO2 is quoted at 12.97 € in the European Union Emission Trading (averaged monthly value for the year 2018). The economic value of C sequestration in the area under study would, therefore, be 3,771,212.45 € in the intervention scenario. This amount may make a considerable contribution to ecosystem service maintenance and woodland conservation if returned In Mediterranean areas, despite the fact that the area of forest increased notably in the 20th century thanks to pine plantations, efforts should now focus on silviculture rather than on expanding new pine plantations. This target should be included in the silvicultural strategy of P. halepensis pine forests in semiarid areas, thus ensuring the maintenance of ecosystem services related to seminatural forests. Mature Aleppo pine stands are often harvested for protection and conservation purposes, which should include on-site C sequestration in long-lived pools, as well as continued exports of C for potential off-site offsets such as bioenergy, as has been observed for other Mediterranean species [29] . One way to estimate the economic value underlying C sequestration is based on the CO 2 stock exchange [90] . One tonne of CO 2 is quoted at 12.97 € in the European Union Emission Trading (averaged monthly value for the year 2018). The economic value of C sequestration in the area under study would, therefore, be 3,771,212.45 € in the intervention scenario. This amount may make a considerable contribution to ecosystem service maintenance and woodland conservation if returned to the local municipalities as payment for environmental services, as subsidies and incentives to the local society and stakeholders to preserve the services provided by the local ecosystems [91] . Additionally, thinning offers other benefits-such as improving biodiversity, resilience against disturbances (fire, pests and diseases, droughts) and the quality of wood products-in the face of climate change [17, 27, 92] .
To support this forest management plan, our results show that accurate mapping of the P. halepensis C stock distribution can be modelled with good precision using low resolution ALS (pulse density 0.5-1 points m −2 ) and a limited number of field measurements, as observed in previous studies [68] . Although this paper presents a case study of a spatially-explicit estimation of on-site C stocks in southern Spain, the methodology can be generalized to plantations of other Mediterranean pine species with similar site characteristics within the Mediterranean Basin, with low errors (RMSE) and high correlation values. The detailed cartography achieved with low density ALS data is useful to prescribe land management activities at the local level. Recently, the cost of ALS data acquisition has decreased [93, 94] -it can be obtained for free in some countries (e.g., in Spain, 0.5-1.0 points m −2 ) and is comparable to or even less than the cost of large-scale field data collection [95] . As a consequence, considering the improvement achieved by using ALS-derived products for estimating and mapping C stocks, it may be a better alternative for forest managers.
Conclusions
The comparison of three different thinning intensities, in terms of the on-site C stock after 13 years, has shown that heavy thinning gave the highest efficiency with regard to C sequestration. The thinning treatments produced a loss of total biomass but an interesting increase in C storage in the soil, even though the tree density at year 13 in the heavily thinned plots was approximately one half that of the unmanaged plantation. With proper management, this potential could be used to increase C sequestration in dry P. halepensis forests of the Mediterranean Basin. This study also verifies the usefulness of low density PNOA-ALS data to accurately estimate on-site C stocks in a monospecific Aleppo pine forest; these data permit the computation of C sequestration and the adaptation of forest management at regional scales, reducing forest inventory costs. The use of non-parametric methods is especially interesting to improve forest parameters modelling. The kNN algorithm was applied to improve the predictions and it confirmed the gain achieved using standardizing spectral distances. The kNN modelling approach reinforced our confidence in the quality of our estimates, although the differences were generally much greater for models including SOC.
The cartography obtained represents a reliable picture of the current situation of C stocks pools in Aleppo pine plantations. This high-resolution raster map of predicted C stocks is useful for silvicultural planning and future monitoring of potential changes in this area, which represent important contributions to the preliminary assessment of potential benefits in terms of C sequestration in forests due to sustainable silvicultural practices. Considering a thinning plan in a specific geographical location, that covers around 1400 ha in southern Spain, it was possible to quantify the net C sequestration for a 10-year plan. These C credits could be valued within the Voluntary Market by commercial and non-profit organizations, local administrations and even individuals, in order to offset, completely or partially, the emissions for which they are responsible. This assessment can help forest managers to make better informed decisions regarding silviculture oriented to increase C sequestration rates.
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